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Abstract 

Classical constraint systems require that the 
set of variables which exist in a problem be 
known ab initio. However, there are some ap- 
plications in which the existence of certain vari- 
ables is dependent on conditions whose truth 
or falsity can only be determined dynamically. 
In this paper, we show how this conditional ex- 
istence of variables can be handled in a math- 
ematically well-founded fashion by viewing a 
constraint network as a set of sentences in free 
logic. Based on these ideas, we have developed, 
implemented and applied, a constraint lan- 
guage in which any sentence in full first-order 
free logic, about a many-sorted universe of dis- 
course which subsumes %!, is a well-formed con- 
straint. 

Classical constraint systems [8] require that the set of 
variables which exist in a problem be known ab initio. 
However, there are some applications [4; 91 in which not 
just the value of certain variables, but also their very 
existence, depends on conditions whose truth can only 
be determined dynamically. In this paper, we show how 
this conditional existence of variables can be handled in 
a mathematically well-founded fashion by viewing a con- 
straint network as a set of sentences in first-order free 
logic (FOFL) [7]. A s well as having a better-developed 
theoretical underpinning, this approach is more general 
than that presented in [9]. We briefly review a language, 
based on these ideas, which we have developed, imple- 
mented and applied to a range of CAD applications. 

In the literature, several different definitions are given 
for classical constraint networks, with varying degrees 
of formality. However, they may all be regarded as vari- 
ations of the following theme: 
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Definition 1, Constraint Network: 
A constraint network is a triple (D, X, C). D is a finite 
set of p > 0 domains, the union of whose members 
forms a universe of discourse, U. X is a finite tuple of 
q > 0 non-recurring variables. C is a finite set of T 1 q 
constraints. In each constraint Ck(Tk) E 6, Tk is a 
sub-tuple of X, of arity ak; Ck(!Q) is a subset of the 
ab-ary Cartesian product Z&Q. In C, there are q unary 
constraints of the form Ck(Xj) = Di, one for each 
variable Xj in X, restricting it to range over some 
domain Di E II. 

The overall network constitutes an intensional specifica- 
tion of a joint possibility distribution for the values of 
the variables in the network. This distribution is a q-ary 
relation on UQ, called the intent of the network: 
Definition 2, The Intent of a Constraint Network: 
The intent of a constraint network (D, X, C) is 

HD,X,C = J%(X) n ***f-J E,(X), 

where, for each constraint Cb(T’) E C, Ek(X) is its 
cylindrical extension [5] in UQ. 
Three forms of constraint satisfaction problem (CSP) 
can be distinguished: 
Definition 3, The Decision CSP: 
Given a network (D, X, C), decide whether nD,X,C is 
non-empty. 
Definition 4, The Exemplification CSP: 
Given a network (D, X, C), return some tuple from 
UD X C, if UD X C is non-empty, or nil otherwise. 
Definiiion 5, Tie bnumeration CSP: 
Given a network (D, X, C), return IID,X,C. 

Classical constraint processing may be regarded as se- 
mantic modeling in first-order classical logic (FOCL), in 
the following sense. The constraints in C correspond to 
sentences of an FOCL theory P, written in some first- 
order language L = (P, F, K) .l The variables in X cor- 
respond to object symbols, from K, which appear in I?. 
The decision CSP corresponds to deciding whether l? is 
satisfied under any model M = (U, 2) of the language 

‘In the language C = (P, 3, Kc), P is a set of relation or 
predicate symbols, 3 is a set of function symbols and K is a 
set of object or constant symbols. 
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l, where 24 is the union of the domains in D and Z is an 
interpretation function from the symbols of L to enti- 
ties in, and relations over, 2.4. The exemplification CSP 
corresponds to finding Z for one such model, while the 
enumeration CSP corresponds to finding Z for all such 
models. 

3.1 Example 1 
Consider the task of semantically modeling the theory 
r = (positive(area), nonnegative(tensile-stress), 
nonnegative(load), load = area * tensile-stress, 
tensile-stress < 200}, in L = ({positive, nonnegative, 
=? 9, {*I, R u { area, tensile-stress, load)).= Sup- 
pose we are given a universe of discourse 24 = % and a 
partial interpretation function Zp for L, which provides 
an interpretation for each predicate and function sym- 
bol of C as well as a total one-to-one mapping from R 
to the finitely expressible rationals Qr C & C !l?. That 
is, as well as object mappings of the form 200 -+ 200, 
Zp contains these predicate and function mappings: 

positive 3 
nonnegative -+ 
= 4 

,< 4 

* 4 

a?+ 
!R”+ 
{(X,Y)lX EUAY EU A 
EQUALS(X,Y)} 
{(X,Y)IXE%AYE%A 
LEQ (x, y)) 
((X,Y,Z)IXERAYE!RA 
2 E %A EQUALS(Z,TIMES(X,Y))}. 

The constraint network (D, X, C) corresponding to 
this situation is a possibility distribution for inter- 
pretations of the remaining uninterpreted object sym- 
bols of L, such that I’ is satisfied. The com- 
ponents of this networks are: D = {ZR+, !R”+, % , 
X = (area, tensile-stress, load) and C = {Cl(area , 1 
Cz(tensile-stress), Cs(load), Ca(area, tensile-stress, 
load), Cs(tensile,stress)}. The constraints are defined 
as follows: 
Cl(area) = 9?+ 
Cz(tensdest;e+ss) = !I?‘+ 
c3 (load) = 32 
C~(aTea, tensile-stress, load) = 

{(X,Y,Z)IXE~AY E%AZ EUA(Z,(X,Y))} 
Gj(tensileAress) = {X(X E ?RA(X, 200)). 
Each sentence in the theory has a corresponding con- 
straint in the network, the definition of which depends 
on whatever information is provided, by the partial in- 
terpretation &, about the symbols appearing in the sen- 
tence. Consider, for example, Ca(ureu, tensile-stress, 
loud), which corresponds to the sentence loud = area 
* tensile-stress. There are three variables in this con- 
straint, corresponding to the three object symbols in the 

‘R is the set of object symbols composed from the charac- 
ters f, -, . and 0..9 according to a grammar for real numeric 
strings. R is distinguished from !J?, the set of real numbers. 
In this paper, to distinguish between symbols of ,C and enti- 
ties of U, we use typewriter font for the latter. Thus, 2011 E R 
is an object symbol while 200 E R would be in a universe of 
discourse. 

sentence. The restriction imposed by the constraint is 
derived from the interpretations in Zp for the symbols 
= and * in the sentence. Consider Cs(tensile,stress), 
which corresponds to the sentence tensile-stress =< 
200. Although two object symbols appear in the sen- 
tence, there is only one variable in the constraint, be- 
cause Zp provides an interpretation for 200. 

3.2 Example 2: The Inadequacy of 
Classical Constraint Networks 

Constraint networks and constraint processing have 
wide applicability, in areas as diverse as design [2; 91 and 
computer vision [lo]. The network in Example 1 repre- 
sents some considerations affecting the cross-sectional 
area of, and tensile-stress in, a bar carrying a load. 
However, consider the following: 
Example 2: Extend Example 1 to incorporate consid- 
erations about the cross-section of the bar. Circular 
and rectangular shapes are allowed; circular bars have a 
cross-sectional radius; rectangular bars have a breadth 
and height. 
This example is beyond the expressive competence of 
classical constraint networks, because the radius cannot 
exist if the height and breadth exist. We have encoun- 
tered a fundamental ontological inadequacy of classical 
logic: its inadequacy for reasoning in depth about ex- 
istence or non-existence [6]. In what follows, we show 
how this difficulty can be overcome, by using FOFL [7], 
rather than FOCL, as the theoretical basis for constraint 
networks. 

4 Free Logic 
In classical logic, a model M = (24, Z) for a first-order 
language ic = (P, K>s comprises a universe U and an 
interpretation function Z. The interpretation function 
Z, assigns to each predicate symbol p E P some rela- 
tion Z(p) over 24 and, because of the absence of function 
symbols in Ic, provides a mapping from K to U which 
is total and surjective. That is, the function Z assigns 
to each object symbol K E K some element u E 24 and 
makes each u E $4 the image of at least one K E K. 

Free logic [7] differs from classical logic in that a free 
logic model M = (U,Z, S) for a first-order language 
ic = (P, K) contains a third item, a story S. As before, 
the function Z assigns to each p E P a relation Z(p) over 
24. However, although Z provides a surjective mapping 
from K to U (i.e., every u E 24 is the image of some 
K E ic), this mapping need not be total: it need not 
assign a u E 24 to every K E K. The story S is a (possibly 
empty) set of atomic sentences, each of which contains 
some K: E /c to which Z has assigned no u E U. A special 
symbol R, additional to V and 3, is used in atoms like 
(R K) or ~(0 K) to talk about whether or not Z maps 
K E K: to some u E 24; (52 K) can be read as ‘“K designates 

3 For simplicity, in this section we discuss a function-free 
language, since an n-ary function is really an (n + 1)-ary 
relation. 
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some element of U” or simply “the object denoted by K 
exists.“4 

The model-theoretic rules for determining truth in 
FOFL are as given below. Rules (a), (g) and (h) are 
different from their counterparts in FOCL, while rule 
(i) has no counterpart. 
(a) M I= p(ar, . . . . a,) iff p(ar, . . . . a,) is in S or 
@(al), .,.,2(un)) is in Z(p). 
(b) M + 1A iff M k A. 
(c)M bAr\BiffM FAandM FB. 
(d)M /=AVBiffM FAorM b23. 
(e) M /=A+BiffM FAorM bB. 
(f) M + A e B iff (M k A and M k B) or (M k A 
and M /= B). 
(g) M k (VX)A iff M b (K/X)A for every K E K: to 
which Z has assigned a u E 24. 
(h) M /= (3X)A iff M + (tc/X)A for some K E K to 
which Z has assigned a u E 2.4. 
(i) M b (Q IC) iff K E ic is assigned a u E 24 by 1. 

5 ee Constraint Processing 
Definition 6, Free Constraint Network: 
A free constraint network is a quadruple (D, V, X, C) . 
D is a non-empty, finite set of domains, the union of 
whose members forms a universe of discourse 24. V is a 
distinguished entity, V # 24. X is a non-empty, possibly 
infinite, tuple of non-recurring variables. C is a finite 
set of r > 0 constraints. Each constraint Ck(!&) E C 
is a possibility distribution which restricts the existence 
of the variables in T’, a (possibly infinite) sub-tuple of 
X, and the values that these variables may assume if 
they exist. Ck(T,) is a subset of the Cartesian product 
(Hx, in I&)) where v(X) = (U U (VI). 

Free constraint networks are a generalization of clas- 
sical networks. A classical constraint network is a free 
constraint network containing a finite number of vari- 
ables, all of which exist; that is, in a classical network 
X is a finite tuple, and the constraint(s) in C uncon- 
ditionally require(s) every variable in X to exist. In 
contrast, a free constraint network may, in general, con- 
tain an infinite number of variables, none of which need, 
in general, exist. 

The intent of a free constraint network is a joint pos- 
sibility distribution on the existence of the variables in 
the network and on the values that these variables may 
assume, if they exist: 
Definition 7, Intent of a Free Constraint Network: 
The intent of a free constraint network (D, V, X, C) is 

’ ’ @D,x,c = Fl(X) n . . . n E.(X), 
where J”(X) is the cylindrical extension of the 
constraint Cj(Tj) in the Cartesian product 
Px. in X(w(xj)))y th e existence and value space for 
x. 3 

*$I may also be regarded as a unary predicate symbol 
whose interpretation is zLll of 2.4; when viewed as such, S2 is 
special, in the sense that no atom with 32 as predicate can 
be in the story S. 

Definition 8, Free Decision CSP: 
Given a free’ constraint network (D, V, X, C) , decide 
whether @D,X,G is non-empty. 
Definition 9, Free Exemplification CSP: 
Given a free constraint network (D, V, X, C), return 
SOme tuple in @D,X,C, if Qep),X,C is non-empty; 
otherwise return nil. 
Definition 10, Free Enumeration CSP: 
Given a free constraint network (D, V, X, C), return 
@D,X,C* 

The possibility that some variables in a free constraint 
network need not exist (need not be mapped into 24) 
means that several additional forms of CSP may be de- 
fined [l]. Here, however, we are interested in just two of 
these: the Minimal Exemplification CSP and the Mini- 
mal Enumeration CSP. These are defined as follows. 
Definition 11, Interpretation Set: 
Given a mapping from a tuple of variables Tk to a 
tuple of values tk, the expression L(T~, tk) denotes the 
corresponding interpretation set, the set of all those 
variable to value mappings in which the variables 
denote something in the universe 24. 
Definition 12, Minimal Intent of a Free Constraint 
Network: 
The minimal intent of a free constraint network 
(D, V, X, C), written @?D,X,C, is 
@D X C = tyiy E @D X C A -‘((32) 

(2 k @D X c A I(x; 2) c L&y)))}. 
Definition 13,’ kinimal Exemplification CSP: 
Given a free constraint network (D, V, X, C), return 
some tuple in p@D,X,C, if @D X,C is non-empty; 9 
otherwise return nil. 
Definition 14, Minimal Enumeration CSP: 
Given a free constraint network (D, V, X, C), return 
@D,X,C- 

A free constraint network (D, V, X, C) specifies the pos- 
sibility distribution for the existence, as well as the 
interpretation, of object symbols which appear in a 
free logic theory F, written in a first-order language 
L = (P,F,K). A s in the classical case, the definition 
of the network depends on I’, the universe of discourse 
U, and a partial interpretation function Zp for L which 
gives interpretations for all function and predicate sym- 
bols, and some of the object symbols, of C. However, 
the free network definition also depends on the story S. 

Taking any tuple Y in @D,X,$ and computing Z = 
Zp U L(X, Y) produces an interpretation function 2 such 
that the theory l? is satisfied under the free logic model 
M = (U,Z, S) of L. Similarly, taking any tuple 2 in 
$I?D X c and computing Z = Z,, U L(X, 2) produces a 
minimal interpretation function Z such that the theory 
l? is satisfied under the minimal free logic model M = 
(U,Z,S) of L. 
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6.1 Example 3 
Consider, for example, the following situation: 
Language: Z = ({P, dr 01 (1’ 2,3’%4 4 
Theory: r = (~(a, b), ~(a, c> * da, 4) 
Universe of discourse: 24 = { i,2,3} 
Story: S = {p(a, b)} 
Partial Interpretation: Zp = (1 + I, 2 --) 2,3 ---) 3, 

P + {(i, 2)) (2, q, (3, w, Q + {(k2), k3)H. 
The free constraint network (D, V, X, C) corresponding 
to this is the possibility distribution for the existence 
and interpretation of a, b and c. The components D, X 
and C of the network are as follows: D = {{I, 2,s)); 
X = (a, b, c); C = (G(u, b), C2(a, 4). 

Cl(u, b) corresponds to p(u) b) E I’. Since p(u) b) E 5, 
at least one of a or b must not exist. Thus, Cl(u, b) = 
(W) x iv, 1’2’31) u (W’ 112’31 x WI). C2(% 4 
corresponds to p(a,c) 3 q(a,c). Since this can be 
rewritten as -~(a, c) V q(u,c), C~(U,C) can be defined 
as the union of two sets, one for each disjunct. Since 
PC% 4 4 4 PC a c is false if a does not exist or if c f > 
does not exist or if a and c both exist but do not sat- 
isfy p. Since q(u, c) Q! S, q(u, c) is true iff a and c both 
exist and satisfy q. Calculating the union of the corre- 
sponding possibility distributions, and simplifying, we 
get C2(a, c) = ((V, 1,2,3) x P, I, 2,3-j) - ((3,3)1. In- 
tersecting the cylindrical extensions of these constraints, 
we get @b,x,c = (((WI x 07 I, 2, wJ(W, I, 223) x’ 
{V})) x (V,‘l,2,3}) - ((3,V, 3)}, which means that 
#f?D X c = {(V, V, V)}. This means that there are 
27 dikerent models M = (U,Z,S),Z > Zp, of the lan- 
guage C under which I’ is satisfied; the; is one minimal 
model, (U,Z,, S), under which neither a, b nor c exist. 

6.2 Example 4 
To see the impact of the story on the intent of a the- 
ory, consider the above situation, modified so that the 
story S = { ). The only difference in the network 
is that Cl(u, b) = {(I, 4, C&3), (3,W. Computing 
the intent and the minimal intent, we get @D,X,G = 
({(V), k% (33)) x WA2,3)) - ((3,3,3)), and 
P@D,X,C = ((1,2, V), (2,3, v), (3,3, V)}, so, although 
c need not exist, both a and b must exist when the story 
is empty. 

7 A Brief Overview of Galileo 
A program in Galileo is a declarative specification of 
a free constraint network, analogous to the problem 
specifications in Examples 3 and 4. That is, in gen- 
eral, a Galileo program specifies a first-order language 
ic = (P, F, K), a theory I’ containing sentences from 
that language, a universe of discourse 24, a partial in- 
terpretation function Zp for JZ and a story S. Of these, 
only the theory I’ must always be specified explicitly. 
The Galileo run-time system provides a default language 
L, = (Ps, F’s) R) in which R contains the real numeric 
strings, Ps contains names of standard predicates (=, 

=<, etc.), and F9 contains names of standard functions 
(*, +, etc.). The run-time system also provides a uni- 
verse of discourse Us = 3, an interpretation function Zs 
for .& in terms of Us and a story S, = { ). 

The language l= (P, F, K) defined by a Galileo pro- 
gram has the following components: P = Ps u{ predicate 
symbols defined in the program}; F = Fg U {function 
symbols defined in the program}; K = RU {object sym- 
bols used in the program}. The universe of discourse 
2.4 defined by a Galileo program is the union of Us = % 
with any application-specific domains that are defined 
in the program. The partial interpretation function Zp 
defined by the program is the union of the set of map- 
pings in Zs with the mappings provided by any defini- 
tions of application-specific domains, relations and func- 
tions that are in the program. The story S defined by a 
Galileo program is the union of S, = {) with any story 
provided in the program. 

The Galileo program corresponding to Example 1 
above is as follows: 
area : positive.5 
tensile-stress : nonnegative. 
load : nonnegative. 
load = area * tensile-stress. 
tensile-stress =< 200. 
The language C = (P, F, Ic) defined by this program has 
the following components: P = Ps; F = F9; K = R U 
{urea, tensile-stress, loud}. The universe of discourse 
2-4 = ug 
Zg. 

= ZJ?. The partial interpretation function Zp = 
The story S = S, = {}. This program, in effect, 

defines a classical constraint network because the first 
three constraints specify that the object symbols urea, 
tensile-stress and loud must exist. 

However, the following program, which corresponds 
to Example 2, does define a free constraint network, 
because the existence of radius or breadth and height 
is contingent on the interpretation of shape: 

domain form =::= {circular, rectangular). 
area : positive. 
tensile-stress : nonnegative. 
load : nonnegative. 
shape : form. 
load = area * tensile-stress. 
tensile-stress =< 200. 
shape=circular implies exists(radius : positive) 

area = 3.14159 * radius- ‘J.~ 
shape=rectangular implies 

exists(breadth : positive) and 
exists(height : positive) 
and area = 

exists(radius) equiv 
breadth * height. 

not exists(breadth) and not exists(height). 
exists(height) equiv exists(breadth). 

and 

5A Galileo statement of the form “K : p” is merely an 
elliptical form of the Galileo statement “exists(K) and P(K),” 
where “exists(~)” is Galileo syntax for (a~). 

6A Galileo expression of the form “exists(6 : p)” is an 
elliptical form for the equivalent “exists(K) and P(K).” The 
distinction between K : p and exists(n : p) is made purely for 
ease in parsing. 
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The language C = (P, .T, K) defined by this program has 
the following components: P = Ps U (form); .F = Fg; 
I-C = R U (circular, rectangular, area, tensile-stress, 
load, shape, radius, breadth, height). The universe 
of discourse U = Us lJ {circular,rectangular) = 
!I? U (circular ,rectangular}. The partial interpre- 
tation function Zp = Zs U { form -+ {circular, 
rectangular}, circular ---) circular, rectangular --) 
rectangular }. The story S = Ss = {}. The intent of 
the network would be greatly expanded by the elimina- 
tion of the last two statements in the program, but the 
minimal intent would be unaltered. 

The following program, which corresponds to Exam- 
ple 3, contains two application-specific relation defini- 
tions, as well as an application-specific story: 
relation p(number,number) =::= ((1,2), (2,3), (3,3)}. 
relation q(number,number) =::= {(1,2), (2,3)]. 
story =::= {p(a,b)). 
PW). 
p(a,c) implies q(a,c). 
The language C = (P, .T, Kc) defined by this program 
has the following components: ‘P = Ps U {p, q}; 3 = 
3g ; K = R U {a, b, c}. The universe of discourse U = 
us = 8. The partial interpretation function Zp = Z 
lJ 1 P + { (w), c&3), (3,3) 1, Q --+ { W), (4 
}}. ThestoryS= sg lJ ~P(%b)l = ~PW)l. The 
language L defined by this program is larger than the 
language in Example 3, because of the presence of the 
default language L, provided by the Galileo run-time 
system; however, the free constraint network defined by 
this program is identical to that in Example 3. 

A full description of the Galileo language is beyond 
the scope of this paper. However, it should be noted that 
the language supports the full FOFL. Thus, for example, 
although all sentences in the example theories consid- 
ered above were ground, Galileo supports theories which 
contain arbitrarily nested quantified sentences. Also, al- 
though none of the programs considered here involved 
application-specific functions, the definition and use of 
such functions is supported. 

Since FOFL subsumes FOCL, satisfiability for FOFL 
is undecidable. There cannot exist, therefore, an algo- 
rithm capable of performing automatic constraint sat- 
isfaction on an arbitrary network specified in Galileo. 
However, various forms of CSP can be solved for a wide 
variety of networks, by the Galileo run-time system, 
which runs in either of two modes. 

In autonomous mode, it is capable of solving the Mini- 
mal Enumeration CSP (and also, therefore, the Minimal 
Exemplification CSP and the decision CSP), for those 
free networks in which all variables have finite domains. 
It is capable of autonomously solving the Minimal Ex- 
emplification CSP (and, therefore, the decision CSP) 
for networks in which some or all variables have infi- 
nite domains, provided the networks are decidable by 
backtrack-free search. 

In interactive mode, the run-time system can solve 
the Minimal Exemplification CSP (and, therefore, the 
decision CSP) for any network which the user, by non- 

monotonically augmenting the theory with additional 
assertions, renders decidable by backtrack-free search. 
Since any model of an augmented theory is also a model 
of the original theory, a solution to the Minimal Exem- 
plification CSP for the augmented network is a solution 
for the original network. 

Full details of constraint satisfaction in Galileo are 
beyond the scope of this paper. However, an inference 
algorithm called Compound Propagation [3] is a cen- 
tral part of both the backtracking searcher and the non- 
backtracking searcher. The algorithm, whose top-level 
is shown in Figure 1, involves interleaved application of 
three inference techniques: 

a version of local propagation of known states, 
extended to assimilate conditional existence; this 
is performed by invoking a lower-level procedure 
called LP; 
a version of arc consistency, generalized to infinite 
domains and constraints of arbitrary arity; this is 
performed by invoking procedure AC; 

e a form of path consistency, generalized to infinite 
domains and constraints of arbitrary arity; this op- 
eration, which is performed by invoking procedure 
PC, is only applied to small portions of the network 
in certain very specific circumstances. 

procedure CP (Assert ions) 
localwar Qlp, Qac, Qpc 
begin 

Qlp t Assertions; Qac t () 
repeat 

‘; QP + 0 

LP (Qlp, Qac, Qpc) ; 
if Qac # 0 VQPC # (1 

then repeat 
if Qac # 0 

then AC(Qlp, Qac, Qpc) ; 
if Qlp = 0 r\Qpc # 0 

then PC (Qac, Qpc) 
until Qlp # {} V Qac = {} 

until QiP = {}; 
end 

Figure 1: Top-level of the CP algorithm. 

ee Logic 

We have built several CAD applications using Galileo. 
Here, both to illustrate the utility in real-world applica 
tions of free logic’ and to touch, at least briefly, on quan- 
tification in Galileo, we provide one universally quanti- 
fied constraint8 from an expert system on Design for 
Testability (DFT) [4]: 

7Most practical applications involve the empty story. 
81n Galileo, “(VX)(p(X))” is written “all X : p(X).” This 

constraint uses 0 inside two levels of V. Also, as indicated by 
the dot notation in “Y.maxfreq,” it uses structured domains, 
another feature of Galileo which is beyond the scope of this 
paper. 
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all X : crystal(X) implies 
(all Y : tester(Y) and Y.maxfreq < X.freq 

implies exists(X.ancillary,circuit : divider)) 
This constraint represents the following information 
about the design of printed wiring boards provided by 
our domain experts: “Each crystal on a board must 
have its own associated divider circuit if the crystal’s 
oscillation frequency exceeds the maximum oscillation 
frequency that can be handled by any of the pieces of 
test equipment that will be used to analyze the board.” 

9 Comparative Discussion 

By basing our work on free logic, we have been able to 
give our approach what seems to be a more developed 
theoretical underpinning than the only other known ap- 
proach to conditional existence of network variables, 
that of Mittal and Falkenhainer [9]. In addition, our 
approach is more general. Their notion of a dynamic 
CSP is a special case of our concept of a minimal free 
enumeration CSP, as follows: all domains are finite; the 
number of potentially-existent variables is finite and a 
non-empty subset must be existent initially; quantified 
constraints are not allowed; the notion of conditional ex- 
istence can be used in only a few different ways, whereas, 
in Galileo, an expression of the form exists(object) can 
appear anywhere that an atom may appear in a free 
logic theory. 

In [9], the distinction between “active” and “inac- 
tive” variables refers only to denotation. Our approach, 
by contrast, maintains two distinctions: denotation ver- 
sus non-denotation and existence versus non-existence in 
the name space. This difference has an important prag- 
matic consequence: although space limitations prevent 
us from showing it here, our approach can handle prob- 
lems with an infinite number of potentially-existent vari- 
ables, because storage space is not used by network vari- 
ables until such time as their actual existence is proven 
or disproven. Indeed, in most cases even the names of 
potentially-existent variables are generated only when 
the variables’ existence is proven; these names can be 
regarded as equivalent to functional expressions involv- 
ing the successor function in finite object vocabulary 
me&theories of first-order languages. In practical ap- 
plications, this happens for only a finite subset of the 
infinity of variables. Therefore no storage burden is im- 
posed by the infinity of other variables whose possible 
existence is irrelevant to the particular minimal model 
constructed. 

Free logic is a principled attempt to remedy an on- 
tological inadequacy of classical logic. This logic has 
long been studied by philosophers and has recently [6] 
attracted some attention in the Knowledge Representa- 
tion literature. Nevertheless, although there are several 
computer languages which are explicitly based on first- 
order classical logic, our language, Galileo, seems to be 
the first based on free logic. 
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